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Abstract
This paper discusses the time series trend and variability of the cyclone frequencies over Bay of Bengal,
particularly in order to conclude if there is any significant difference in the pattern visible before and
after the disastrous 2004 Indian ocean tsunami based on the observed annual cyclone frequency data
obtained by India Meteorological Department over the years 1891-2015. Three different categories of
cyclones- depression (< 34 knots), cyclonic storm (34−47 knots) and severe cyclonic storm (> 47 knots)
have been analyzed separately using a non-homogeneous Poisson process approach. The estimated
intensity functions of the Poisson processes along with their first two derivatives are discussed and all
three categories show decreasing trend of the intensity functions after the tsunami. Using an exact
change-point analysis, we show that the drops in mean intensity functions are significant for all three
categories. As of author’s knowledge, no study so far have discussed the relation between cyclones and
tsunamis. Bay of Bengal is surrounded by one of the most densely populated areas of the world and any
kind of significant change in tropical cyclone pattern has a large impact in various ways, for example,
disaster management planning and our study is immensely important from that perspective.
1 Introduction
Tropical cyclones (TC) and tsunamis are two very different kind of natural phenomena both originating
from the oceans. Several necessary precursor environmental criteria for the formation of a TC have been
discussed in [2] and the six globally accepted criteria for cyclogenesis are- 1. sea surface temperature (SST)
is more than 800F or 26.50C at least to a depth of 60 meters, 2. moist layers near the mid-troposphere, 3. an
atmosphere that cools rapidly with height and unstable to moist convection, 4. 50 latitude difference with
the equator due to the requirement of a non-negligible amount of Coriolis force, 5. near-surface disturbance
with sufficient vorticity and 6. lower values of vertical wind shear at the site of cyclogenesis. On the other
hand, tsunami is caused by the friction of two slowly moving tectonic plates beneath the ocean floors that
creates a large amount of seismic energy released in the form of an earthquake. Thus, it is highly unlikely
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that a tsunami is caused by a TC but the energy released in a tsunami can potentially affect some of the six
criteria for cyclogenesis, particularly in case the tsunami is of extremely high magnitude. The geological
records actually show a number of instances where large and abrupt climate changes have taken place ([22])
including sudden shifts in the frequencies of TCs ([23]).
According to US Geological Survey report, the 2004 Indian ocean tsunami is the largest earthquake
of past fifty years occurred on December 26, 2004 in which the India plate subducted beneath the Burma
plate. It had a magnitude of 9.1 on the Richter scale with the epicenter located at (3.3160N, 95.8540E) near
northwest of Sumatra and approximately 286,000 people were killed. The observed data from the Jason
1 altimetry satellite show an initial dominant wavelength of approximately 500 km and the shallow-water
wave speed 750 km / hour approximately at 4.5 km depth ([24]). The Bay of Bengal (BOB) is the northern
extended arm of the Indian ocean on the east of India, stretched between latitudes 50N-220N and longitudes
750E-1000E and located very close to the epicenter (Figure 1) and hence it is likely that the tsunami would
affect several water parameters in BOB. Considering the study period from November, 2004 to January,
2005, [25] concluded that the water temperature decreased by 20C-30C, salinity dropped by 2 psu along
with specific changes in the pattern of surface geostrophic current just after the tsunami which became
normal after a certain period.
75°E 80°E 85°E 90°E 95°E
0°
5°
N
10
°
N
15
°
N
20
°
N
25
°
N
Longitude
La
tit
ud
e Bay of Bengal
Epicenter
Figure 1: Stretch of the Bay of Bengal and the location of the epicenter of the 2004 Indian ocean tsunami.
Though the above references point out some short-period changes due to tsunami, long-term changes
are not unlikely as well. A method for detecting shifts in hurricane frequencies has been proposed by [9]
Apart from just a change-point analysis, we also consider a proper a statistical modeling approach in
2
order to model the annual cyclone frequencies. In the context of annual land-falling hurricane frequency
analysis over the Atlantic coasts of United States, often along with the amount for the damages, several
studies have considered HPP and non-homogeneous Poisson process (NHPP) along with some continuous
stochastic models for the amount of economic losses ([5]). In case the data associated with wind speeds,
El Nino, the number of sunspots etc. are available, they are often used as covariates for modeling the mean
structure ([5], [6], [8]). While all these approaches assume a HPP model, [7] assumes a NHPP model for
the seasonal point process approach, not from the perspective of a change-point analysis. [9] and [11] have
used change-point detection techniques and conclude about the significant storm frequency increase during
1960–1995.
where a time T ∗ is defined as a change-point if the counts arise from a homogeneous Poisson process
(HPP) up to time T ∗ and they arise from another HPP but with a shifted intensity parameter after T ∗. In
case we have long records available, e.g. records over 200 years and the 150th year is the suspected change-
point, it is unlikely that the intensity function remains constant over first 150 years as different possible
factors of cyclogenesis are likely to change, possibly drastically and hence the homogeneous assumption of
the Poisson processes on both sides of T ∗ is questionable.
As of author’s knowledge, no such statistical literature is available which analyses the annual variability
of frequencies of cyclones formed over BOB but a few studies are available where some preliminary anal-
yses are done based on histograms, simple linear regression model etc. The annual frequencies of D over
BOB is studied by [10] but fails to notice any trend and the periodogram analysis also fails to notice any
periodicity. [13] studies the relation between the annual frequency of D and CS and the monsoon deficiency,
[14] analyses the frequencies of D and CS using harmonic analysis and concludes that there is a very little
long-term trend while it has an oscillation of period 36 years. Using separate linear regression models, [15]
compares the rates of changes of different categories of cyclones over time and notices that the frequency
of SCS increases at a faster rate compared to tropical depressions and also concludes about an oscillation
period of 29 years. [16] again notices a decreasing trend in D over BOB during 1961-1998. The study of
[17] reveals that the frequencies of D and CS have decreased at a rate of 6-7 per hundred years and 1-2
per hundred years respectively. The recent study by [18] fits a five-degree orthogonal polynomial to annual
overall (BOB + Arabian Sea) cyclone frequencies of the category CS and notices a significant downward
trend. [1] notices that the decadal variability of CS and SCS are different and there is a significant long-term
decreasing trend.
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In this paper, we model the cyclone frequencies of different categories using non-homogeneous Pois-
son processes. The intensity functions along with their first two derivatives are estimated using a semi-
parametric Poisson regression approach. The 95% confidence intervals based on normal approximation are
discussed. We are primarily interested in finding changes in the pattern of annual cyclone frequencies and
hence study the trend and variability of the estimated functions before and after the tsunami. We notice drop
in intensity for all three categories and also discussed in several studies. Finally, for testing the significance
of the effect of tsunami, we conduct an exact a change-point analysis. As the intensity function λ(t) is
considered to be a non-constant function, considering the study-period to be (a, b], we check if the overall
mean intensity drops after the T ∗, i.e. we test
H0 :
1
T ∗ − a
∫ T ∗
a
λ(t)dt =
1
(b− T ∗)
∫ b
T ∗
λ(t)dt V s HA :
1
T ∗ − a
∫ T ∗
a
λ(t)dt >
1
(b− T ∗)
∫ b
T ∗
λ(t)dt.
In this paper, we concentrate on the application to time series dataset of annual frequencies of de-
pressions (D), cyclonic storms (CS) and severe cyclonic storms (SCS)– different categories of tropical cy-
clones defined by India Meteorological Department (IMD) forming over BOB. Land-falling cyclones lead
to high death toll along with high economic damage over the coastline of India stretched over 7,516.6
Kilometers where 14.2% of the total population (171 millions; Census 2014) of India reside (http:
//iomenvis.nic.in). Some of the recent deadliest cyclones are The Great 1970 Bhola Cyclone (in
year 1970; the deadliest cyclone ever recorded; affected countries– India and Bangladesh; 0.3–0.5 million
people died from the storm and its after-effects and $86.4 million property damage), ARB02 (in year 1998;
more than 10,000 deaths; more than $3 billion property damage), 1999 Odisha super cyclone (more than
10,000 deaths and $4.5 billion property damage), YEMYIN (in year 2007; 983 deaths and $2.1 billion prop-
erty damage), HUDHUD (in year 2014; 124 deaths and $3.4 billion property damage) etc. ([?], The tech-
nical reports– “1998 Natural Catastrophes”, “Natural catastrophes and man-made disasters in 2008: North
America and Asia suffer heavy losses” and from the NASA website for Hurricanes/Tropical Cyclones).
Also, the Government of India carries on a budget plan in every five years and from the viewpoint of
disaster management, the forecast cyclone frequencies for five future years would be very beneficial.
The paper is organized as follows. In Section 2, we discuss about the annual cyclone frequency dataset
and necessity of a flexible non-homogeneous Poisson process approach. The statistical methods for esti-
mation and hypothesis testing are discussed in Section 3. In Section 4, we discuss the findings. Section 5
4
concludes.
2 Cyclone data
We analyze the annual frequencies of different categories of cyclones– depressions (D; <34 knots; asso-
ciated wind speed <60 km/hr), cyclonic storms (CS; 34-47 knots; associated wind speed 60-90 km/ hr)
and severe cyclonic storms (SCS; >47 knots; associated wind speed >90 km/hr) forming over the Bay of
Bengal (BOB) for the years 1891 to 2015. The data has been collected from the Cyclone e-Atlas published
by IMD (http://www.imd.gov.in). Over the 125 years, total 682 D, 280 CS and 227 SCS have
formed over BOB, AS and LAND respectively. More than 60% cyclones forming over BOB reach Indian
land area, around 30% strike the coast of Bangladesh and Myanmar and the rest of 13% dissipate over the
sea (http://www.rsmcnewdelhi.imd.gov.in). The time series of annual frequencies of different
categories of cyclones are provided in Figure 2. It is clearly visible that the frequencies highly change over
the years and it is reasonable to assume that the rate parameter of the Poisson process to be non-constant
and also the trend is highly non-linear requiring semi-parametric / non-parametric modeling of the intensity
function. The values of average D, CS and SCS before and after the tsunami are provided in Table 1 and the
drop in average frequencies are clearly visible, requiring a change-point analysis to conclude whether the
drop is significant or not.
1891 1899 1907 1915 1923 1931 1939 1947 1955 1963 1971 1979 1987 1995 2003 2011
year
de
pr
es
si
on
 fr
eq
ue
nc
y
0
2
4
6
8
10
12
1891 1899 1907 1915 1923 1931 1939 1947 1955 1963 1971 1979 1987 1995 2003 2011
year
c
yc
lo
ni
c 
st
or
m
 fr
eq
ue
nc
y
0
1
2
3
4
5
6
7
1891 1899 1907 1915 1923 1931 1939 1947 1955 1963 1971 1979 1987 1995 2003 2011
year
s
e
v
e
re
 c
yc
lo
ni
c 
st
or
m
 fr
eq
ue
nc
y
0
1
2
3
4
5
6
Figure 2: Histograms of the annual frequencies of depressions (on the first panel), cyclonic storms (on the
second panel) and severe cyclonic storms (on the third panel).
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Average frequency D CS SCS
Before tsunami 5.6053 2.3421 1.8772
After tsunami 3.9091 1.1818 1.1818
Table 1: Average frequencies of depressions, cyclonic storms and severe cyclonic storms before and after
the tsunami.
3 Background statistical theory
We assume that the count of cyclone occurrences follow a non-homogeneous Poisson process model over
the time interval (a, b], i.e., we assume that no two cyclone occur at the same time and the time lag between
two consecutive cyclones are independent and follow an exponential distribution with time-dependent rate
parameter, say λ(t) at time t. On the other hand, a homogeneous Poisson process assumes that the rate
λ(t) remains constant over time. In a simple explanation, λ(t) represents the average frequency of cyclones
at time t, e.g. saying 5.5 per year in 1985. The interval (a, b] it can be written as a disjoint union of N
sub-intervals of equal length as (a, b] = ∪Nn=1(a + (n − 1)∆, a + n∆] where ∆ = (b − a)/N (e.g., in
our study period of 125 years, N = 125 and ∆ represents a year) and the counting process Xn denotes the
number of events taking place within the interval (a + (n − 1)∆, a + n∆]. In our set-up, Xn denotes the
cyclone frequency of the n-th year. Thus,
Xn
indep∼ Poisson
(∫ a+n∆
a+(n−1)∆
λ(t)dt
)
follows from the theory of the non-homogeneous Poisson process and also independent across n = 1, 2, . . . , N .
Without assuming any parametric form for the rate function λ(t), we assume it to be smooth, remain fairly
constant within any interval (a+(n−1)∆, a+n∆] so that log
[∫ a+n∆
a+(n−1)∆ λ(t)dt
]
≈ ∫ a+n∆a+(n−1)∆ log [λ(t)] dt.
Here an exact equality holds if and only if λ(t) remains constant over the interval (a+ (n− 1)∆, a+ n∆]
follows from Jensen’s inequality. This assumption is quite unrealistic as the intensity are higher during
the monsoon season compared to other months. But as we are interested in long-term changes and not in
monthly changes, such a smoothness assumption does not affect our inference. Finally, we approximate the
logarithm of the unknown function λ(t) as a linear combination of cubic B-splines ([19]), i.e. log [λ(t)] ≈∑L
l=1 βlBl(t). Thus, Xn
indep∼ Poisson(µn) where log [µn] ≈
∑L
l=1 βl
∫ a+n∆
a+(n−1)∆Bl(t)dt and hence the
problem boils down to a Poisson regression set-up with covariates
∫ a+n∆
a+(n−1)∆Bl(t)dt; l = 1, . . . , L with
natural logarithm as the link function and regression coefficients βl; l = 1, . . . , L.
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3.1 Inference
Based on the data, we estimate the vector β = (β1, . . . , βL)′ using maximum likelihood estimates (MLEs).
Suppose the estimated vector is given by βˆ = (βˆ1, . . . , βˆL)′. Under some regularity conditions ([20]),
βˆ ∼ AN
(
β, I−1β
)
where AN stands for asymptotic normal distribution and the information matrix Iβ is
given by
Iijβ =
N∑
n=1
∫ a+n∆
a+(n−1)∆
Bi(t)dt×
∫ a+n∆
a+(n−1)∆
Bj(t)dt× exp
[
L∑
l=1
βl
∫ a+n∆
a+(n−1)∆
Bl(t)dt
]
where Iijβ denotes the (i, j)-th element of Iβ . So,λˆ(t) = exp
[∑L
l=1 βˆlBl(t)
]
. Also we discuss about δλ(t)δt
and δ
2λ(t)
δt2
, the first two derivatives of the intensity function λ(t) given by
δλ(t)
δt
= exp
[
L∑
l=1
βlBl(t)
]
L∑
l=1
βl
δBl(t)
δt
Notation
= λ′(t)
δ2λ(t)
δt2
= exp
[
L∑
l=1
βlBl(t)
]
L∑
l=1
βl
δ2Bl(t)
δt2
+
(
L∑
l=1
βl
δBl(t)
δt
)2 Notation= λ′′(t)
and the estimated profiles λˆ′(t) and λˆ′′(t) are obtained by replacing β with βˆ.
For constructing the 95% approximately normal distributed confidence intervals of the estimates of the
functions λ(t), λ′(t) and λ′′(t), the variance estimates are obtained by Delta method ([21]) as follows
V ar
[
λˆ(t)
]
≈ δλ(t)
δβ
T
I−1β
δλ(t)
δβ
;V ar
[
λˆ′(t)
]
≈ δλ
′(t)
δβ
T
I−1β
δλ′(t)
δβ
;V ar
[
λˆ
′′
(t)
]
≈ δλ
′′
(t)
δβ
T
I−1β
δλ
′′
(t)
δβ
where δλ(t)δβ =
(
δλ(t)
δβ1
, . . . , δλ(t)δβL
)T
, δλ
′(t)
δβ =
(
δλ′(t)
δβ1
, . . . , δλ
′(t)
δβL
)T
and δλ
′′
(t)
δβ =
(
δλ
′′
(t)
δβ1
, . . . , δλ
′′
(t)
δβL
)T
.
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The elements of the vectors are calculated as follows
δλ(t)
δβl
= exp
[
L∑
l=1
βlBl(t)
]
Bl(t)
δλ′(t)
δβl
= exp
[
L∑
l=1
βlBl(t)
]{
δBl(t)
δt
+Bl(t)
L∑
l=1
βl
δBl(t)
δt
}
δλ′′(t)
βl
= exp
[
L∑
l=1
βlBl(t)
]{
δ2Bl(t)
δt2
+Bl(t)
 L∑
l=1
βl
δ2Bl(t)
δt2
+
(
L∑
l=1
βl
δBl(t)
δt
)2+ 2δBl(t)
δt
L∑
l=1
βl
δBl(t)
δt
 .
3.2 Hypothesis testing
In case data are available at an annual grid, it is not possible to detect a change-point uniquely within an
year. Suppose there is a change-point suspected at a + K∆, i.e., at the end of the K-th year. Thus, we
divide the domain into two parts- (a, a + K∆] = ∪Kn=1(a + (n − 1)∆, a + n∆] and (a + K∆, b] =
∪Nn=K+1(a + (n − 1)∆, a + n∆]. We are interested in testing whether the overall mean of the intensity
function λ(t); t ∈ (a, b] remains same before and after the change point a + K∆ or whether the average
intensity drops after the change point, i.e. mathematically
H0 :
1
K∆
∫ a+K∆
a
λ(t)dt =
1
(N −K)∆
∫ b
a+K∆
λ(t)dt
V ersus HA :
1
K∆
∫ a+K∆
a
λ(t)dt >
1
(N −K)∆
∫ b
a+K∆
λ(t)dt.
Now,
∑K
n=1Xn ∼ Poisson
(∑K
n=1
∫ a+n∆
a+(n−1)∆ λ(t)dt
)
and
∑N
n=K+1Xn ∼ Poisson
(∑N
n=K+1
∫ a+n∆
a+(n−1)∆ λ(t)dt
)
.
So, the conditional distribution of
∑K
n=1Xn given
∑N
n=1Xn is given by
K∑
n=1
Xn|
N∑
n=1
Xn ∼ Binomial
(
N∑
n=1
Xn,
∫ a+K∆
a λ(t)dt∫ b
a λ(t)dt
)
.
Under H0,
∑K
n=1Xn|
∑N
n=1Xn ∼ Binomial
(∑N
n=1Xn,
K
N
)
and we reject H0 if
∑K
n=1Xn is large. The
p-value is calculated as p = 1− pB
(∑K
n=1Xn,
∑N
n=1Xn,
K
N
)
where pB denotes the binomial distribution
function with size
∑N
n=1Xn and success probability
K
N evaluated at
∑K
n=1Xn. Hence for a test of level
0.05, we reject H0 if p is less than 0.05.
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4 Results and Discussions
The estimates of the functions λ(t), λ′(t) and λ′′(t) along with 95% confidence intervals based on normal
approximation for the cases D, CS and SCS are provided in Figures 3, 4 and 5 respectively. From the left
panel of Figure 3, it is clearly visible that the rate increases within the period 1910-1950 and then decreases
within the period 1950-2000 and then after increasing for a few years, it drops rapidly at the end. From
the second panel, it is clear that the derivative λ′(t) remains positive within 1910-1950 and negative within
1950-2000 conforming with the left panel and drops rapidly after the end of 2004, exactly the time when the
tsunami occurred. From the right panel, it is clear that the pattern in λ′′(t) is highly non-conformable before
and after the incident. The slight difference between the time of tsunami and when the sudden drop in λ′′(t)
starts is because of the approximation by B-spline functions. The inflated shape of the confidence intervals
between two knots of the B-spline functions in the middle and right panels of Figure 3 is due to the larger
variance of estimating the function at a point far from a knot and hence reasonable. As we model using
cubic B-splines, their first two derivatives are quadratic and linear respectively and hence the difference in
shape of the inflation in the two panels.
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Figure 3: Estimates of the functions λ(t), λ′(t) and λ′′(t) along with 95% confidence intervals corresponding
to the frequencies of depressions. The vertical line shows the time of tsunami.
From the left panel of Figure 4, it is clear that the rate λ(t) varies slightly within the period 1891-
1910 with a overall dropping pattern, the increases within the period 1920-1930 and then decreases almost
linearly. Notice that, the increasing trend in the decade before and after the tsunami are completely opposite.
Based on the proposed hypothesis testing procedure, we test the significance of change in the overall
mean intensity function after the tsunami separately for each of the three categories of cyclone-D, CS and
SCS and the p-values we have obtained are 0.0068, 0.0028 and 0.0332 respectively; all values are below
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Figure 4: Estimates of the functions λ(t), λ′(t) and λ′′(t) along with 95% confidence intervals corresponding
to the frequencies of cyclonic storms. The vertical line shows the time of tsunami.
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Figure 5: Estimates of the functions λ(t), λ′(t) and λ′′(t) along with 95% confidence intervals corresponding
to the frequencies of severe cyclonic storms. The vertical line shows the time of tsunami.
the level of the test, i.e. 0.05. Hence, we conclude that the change in the overall mean intensity function is
significant for all three categories of the cyclone.
5 Discussions and conclusions
We have analyzed the annual frequencies of three different categories of cyclones- depressions, cyclonic
storms and severe cyclonic storms forming over Bay of Bengal over the years 1891-2015 using non-
homogeneous Poisson processes. The time series plots of the cyclone frequencies show highly non-linear
pattern across the years for all three categories. Hence, instead of assuming some parametric form of the
intensity functions, we model them semi-parametrically by approximating the logarithm of the intensity
function as a linear combination of cubic B-splines. This brings down the problem of estimating the in-
tensity function in a Poisson regression set-up with natural logarithm link function, a very common tool
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in applied statistics. The B-spline coefficients are then estimated using maximum likelihood approach and
further used to estimate the intensity functions along with their first two derivatives. Using delta method,
the variances of the estimated intensity functions and their derivatives are calculated and consequently 95%
confidence intervals are obtained based on normal approximation. A less restricted definition of change-
point, compared to the one given by Elsner et al. (2004), has been proposed for non-homogeneous Poisson
processes and also an exact test is proposed for testing the significance of the change-point. The trends and
variabilities in the estimated functions are discussed. In almost all the cases, the estimates of λ(t), λ′(t)
and λ
′′
(t) show decreasing trend just after the tsunami. Based on the p-values obtained from the hypothesis
testing, we conclude that the change-point due to tsunami is significant.
By further analyzing the effect of tsunami on several factors of cyclogenesis, identifying the ones got
affected significantly would be a future endeavor. A few studies are available (Reddy et al. , 2009; Ramlan
et al. , 2014) which discuss the impact of the 2004 Indian ocean tsunami on water temperature, salinity etc.
but they are focused on short-period changes. As of authors knowledge, no article is available discussing
the long-term impact on climate.
Not just the 2004 Indian ocean tsunami but also from a large number of deadliest cyclones in Bay of
Bengal, India and its neighboring countries- Bangladesh and Myanmar have faced high death tolls along
with high economic damages. Some of the deadliest cyclones are The Great 1970 Bhola Cyclone (in year
1970; the deadliest cyclone ever recorded; affected countries India and Bangladesh; 0.30.5 million people
died from the storm and its after-effects and $86.4 million property damage), 1999 Odisha super cyclone
(more than 10,000 deaths and $4.5 billion property damage), YEMYIN (in year 2007; 983 deaths and
$2.1 billion property damage), HUDHUD (in year 2014; 124 deaths and $3.4 billion property damage) etc.
(Sommer and Mosley (1972), The technical reports 1998 Natural Catastrophes, Natural catastrophes and
man-made disasters in 2008: North America and Asia suffer heavy losses and from the NASA website
for Hurricanes/Tropical Cyclones). Thus, from the viewpoint of a proper disaster management planning of
India and its neighboring countries, a proper analysis of cyclone frequencies and their relation with a recent
megathrust like 2004 Indian ocean tsunami would be very beneficial.
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